ordinal, such as ordinal logistic regression. 1 Ordinal logistic regression analyzes the dependent variable, which in our case is clinical outcome, as 3 or more categories and takes into account the inherent ordering of the groups (that is, outcome is progressively worse as one goes down the scale). Proportional odds modeling is a type of ordinal logistic regression that compares the dependent outcome variable at each of the possible dichotomous breakpoints in the ordinal scale. The proportional odds model assumes that, for example, in the case of the 5-point GOS, the odds ratio of a favorable versus unfavorable outcome is the same for each of the 4 possible dichotomous breakpoints in the GOS. Ordinal logistic regression models have been called "shift analysis." 20 Other methods include the global statistic and responder analysis. 17, 20 These methods have not been used in clinical trials of SAH. Responder analysis using the sliding dichotomy strategy has been retrospectively applied to head injury data and used as the primary outcome analysis in a trial of intracerebral hemorrhage. 14, 17 With this method, the definition of favorable outcome depends on the baseline condition of the patient. Thus, a young patient with a WFNS grade of I might be classified as having a favorable outcome only if the patient made a good recovery, whereas the mere survival of a patient with WFNS Grade V might be classified as a favorable outcome. Sliding dichotomy is implemented by estimating prognosis for a patient at baseline and dividing it into 3 or more sequential tiers based on predicted outcome. Each tier is then dichotomized into favorable and unfavorable outcome categories either at some logical cut point (sliding approach) or nearest the point that divides the tier into an equal number of patients with favorable and unfavorable outcomes (median approach).
We hypothesized that some insight into the potential utility of these methods could be obtained by reanalyzing existing SAH clinical trial databases using these alternative methods and comparing the results to standard dichotomous statistics.
Methods

Patient Population
Available individual patient data from 7 trials were obtained from 6054 patients with aneurysmal SAH, including 4 trials of tirilazad, 5, 6, [8] [9] [10] 1 trial of clazosentan (CONSCIOUS-1), 12 and 1 trial comparing clipping and coiling (ISAT; Table 1 ).
15
The tirilazad studies (3552 patients) were conducted in neurosurgical centers in Europe, Australia, New Zealand, South Africa, and North America between 1990 and 1997. These were randomized, double-blind placebocontrolled trials using various doses of tirilazad. All patients had angiographically documented aneurysms causing SAH confirmed by CT or lumbar puncture and were at least 18 years old and able to begin treatment within 48 hours of SAH. The main difference in entry criteria among the 4 tirilazad studies was that only females were entered in the last 2 studies. The outcome measure was clinical outcome at 3 months posttreatment as measured on the GOS. The 54 patients with missing 3-month GOS data were excluded from analysis. Almost all patients were treated via neurosurgical clipping.
The second set of patient data were from a post hoc exploratory analysis of CONSCIOUS-1 (http://clinicaltrials. gov/ct/show/NCT00111085). 12 The methods and results of this randomized, placebo-controlled double-blind study have been described elsewhere. Outcome was assessed via a centrally administered telephone interview 12 weeks after SAH and was measured using the extended version of the GOS (GOS-E).
22 Forty-five percent of the patients underwent neurosurgical clipping of the ruptured aneurysm, with the remainder treated via endovascular coiling.
The final set of patient data was from the ISAT, which included 2089 patients with aneurysmal SAH who were randomized to undergo neurosurgical clipping or endovascular coiling of the ruptured aneurysm. 15, 16 The outcome measure was the mRS, and scores were assessed by telephone interview or in person 12 months after SAH.
Statistical Analysis
We first used binary logistic regression to estimate the effects of tirilazad and clazosentan on the dichotomous GOS or GOS-E measured at 3 months posttreatment, respectively. The GOS and GOS-E were dichotomized into favorable (good recovery or moderate disability) or unfavorable (severe disability, vegetative state, or death). For the ISAT, the effect of the method of treatment (clipping vs coiling) on the dichotomous mRS was first estimated using binary logistic regression. The mRS was dichotomized into favorable (mRS 0-2 [good recovery, no significant disability, slight disability]) or unfavorable (mRS 3-6 [moderate disability, moderately severe disability, severe disability, or death]). These analyses were adjusted for baseline covariates, which were age, SAH clot thickness, preexisting hypertension, and WFNS grade for the tirilazad data; age, sex, SAH clot thickness, and preexisting hypertension for the CONSCIOUS-1 data; and age, sex, and WFNS grade for the ISAT data. The rationale for these adjustments was that multivariate logistic regression using the dichotomous GOS, GOS-E, or mRS identified these factors in the respective data sets as significant independent variables associated with outcome (p < 0.05).
Next, we used 3 other approaches to analyze the outcomes: proportional odds logistic regression modeling and a sliding dichotomy (implemented using logical cut points or median split methods). The proportional odds logistic regression models were fitted with the GOS or GOS-E considered as a 5-, 4-, or 3-point ordinal scale (vegetative state and death were always combined). The mRS was considered as a 7-, 6-, 5-, 4-, or 3-point ordinal scale. Proportional odds logistic regression estimates a common odds ratio for each of the possible cut points of the outcome scale. The common odds ratio is formally valid if the odds ratios for each cut point are the same (that is, the proportional odds assumption). The common odds ratio can be interpreted as a summary measure of treatment effect, even though the odds ratios may differ between the different cut points.
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The sliding dichotomy also dichotomizes outcome (GOS, GOS-E, or mRS in this case) into a binary measure, but the cut point defining favorable or unfavorable outcome depends on the predicted prognosis for an individual patient on entry into the trial. 17, 21 For example, for a patient who is predicted to have a good recovery, only a good recovery might be considered a favorable outcome, whereas in the traditional dichotomy such a patient could be moderately disabled but still classified as having a favorable outcome. Similarly, for a patient with a very poor prognosis who is predicted to die or be in a vegetative state, severe disability might be regarded as a favorable outcome. For sliding dichotomy, we first estimated the baseline prognostic risk in each patient by calculating the probability of a favorable outcome using a predictive model with the above-listed baseline variables adjusted for in each data set in the initial logistic regression modeling. Then, based on the tertiles of prognostic scores, patients were grouped into 3 prognostic bands of approximately equal size, representing the best, intermediate, and worst prognosis. For each band, a separate cut point on either the GOS/GOS-E or the mRS was defined and a new outcome variable was created. The cut points were determined using either a sliding or logical cut point, or a median split approach. For a sliding or logical cut point, favorable outcome was defined in the worst tier as severe or moderate disability or good recovery on the 5-point GOS, moderate disability or good recovery in the intermediate tier, and good recovery in the best tier. For the mRS, favorable outcome in the worst tier included scores of 0-4, scores of 0-3 in the intermediate tier, and scores of 0-2 in the best tier. For the median approach, the point for dichotomization of favorable versus unfavorable outcome in each tier was defined as close as possible to the breakpoint between categories of outcome in the tier that was closest to producing a 50:50 split in favorable and unfavorable outcomes in that tier. These breakpoints were different for each data set. Furthermore, the breakpoints were the same for some tiers because of the skewed distribution of outcomes. The effect of treatment on this newly generated dichotomous outcome was then estimated using binary logistic regression, with stratification by prognostic bands and adjustment for the baseline covariates mentioned above. The pooled sliding dichotomy odds ratio could then be interpreted as the effect of treatment on outcome.
Since treatment with tirilazad or clazosentan did not significantly affect outcome on the GOS or GOS-E, respectively, each of the above analyses was repeated using age (≤ 51 or > 51 years old) and WFNS grade (I-III or IV-V) as the treatment variable, based on the premise that these groups have different outcomes and thus that proportional odds models or sliding dichotomy might change the relative differences in outcome between these groups.
We calculated Wald statistics based on the coefficients of the treatment effect and the corresponding standard error for each analysis. The ratio of the Wald statistics can be interpreted as a gain in information density and is therefore a suitable measure for the efficiency of the different approaches in analyzing outcomes.
Finally, we performed Monte Carlo simulations on the patient-level data extracted from the tirilazad and ISAT data sets, generating a simulated sample of 1000 patients. For a single simulation with any one of our trial databases (tirilazad or ISAT), 500 patients were randomly sampled with replacement from the control group (placebo in the tirilazad trials, clipping in the ISAT) and another 500 patients from the treatment group (tirilazad in the tirilazad trials, coiling in the ISAT) to generate simulated sample data of 1000 patients. Simulated data were then reanalyzed with each of the different approaches, and their predictive powers were compared. For analyses focused on either the conventional or sliding dichotomy approach, we estimated the parameters (OR with 95% confidence interval, Wald statistic, and p value) separately for each simulation by fitting a binary logistic regression model using favorable versus unfavorable outcome as the response variable. For proportional odds modeling, the parameters were estimated by fitting ordinal logistic regression with the ordinal outcome (GOS or mRS) as the response variable. The entire process was repeated 1000 times, and the performance of each statistical approach was assessed by the proportion of 1000 analyses yielding significant results at the 5% level. A 2-tailed p value < 0.05 indicated statistical significance. Analyses were conducted in SAS version 9.2 (SAS Institute, Inc.) using standard procedures, as well as the logistic procedure for proportional odds modeling.
Results
The distribution of outcomes on the ordinal GOS and mRS and by tertiles of prognostic scores, according to treatment groups, was tabulated (Tables 2-5 ). The number of favorable outcomes used to derive the absolute difference and odds ratios for the comparative treatment groups are summed over the 3 prognostic bands (Tables  4 and 5 ; breakpoint for the sliding method is indicated by values in boldface, and breakpoint for the median ap- proach by values in cells shaded light gray). From these distributions, the number of favorable outcomes for the compared treatment groups and the absolute treatment or group differences with corresponding odds ratios for fixed and sliding dichotomy were calculated using the breakpoints defined above by 2 methods (sliding dichotomy and median split; Figs. 1-4 ). An examination of Figs. 1-4 shows no consistent or sizable benefit in using the sliding dichotomy. Compared with fixed dichotomization, the sliding dichotomy decreased the treatment effect estimate from a 1% absolute increase in favorable outcomes to 0% for the tirilazad data, increased the treatment effect from 1% to 4% for the CONSCIOUS-1 data in favor of placebo, and decreased the treatment effect from 8% to 6% for the ISAT data. Similarly, when considering patient age, the sliding dichotomy decreased the difference between groups in the tirilazad trials and reversed the difference in the CONSCIOUS-1 data. For WFNS grade, the sliding dichotomy decreased the difference between groups in the tirilazad and CONSCIOUS-1 data. An analysis of randomly selected patients from the tirilazad or CONSCIOUS-1 data did not affect the results. For the CONSCIOUS-1 data, the median split method and conventional fixed dichotomy gave virtually identical results, whereas there were minor differences between the methods using the tirilazad and ISAT data.
For proportional odds modeling (shift analysis) using the 5-point GOS for tirilazad and CONSCIOUS-1 trial data and the 7-point mRS for the ISAT data, unadjusted models produced a good fit (c 2 = 3.33, 5 df, p = 0.649); adjusted models produced a poor fit (c 2 = 125.7, 35 df, p < 0.0001) for the ISAT data because the proportional odds assumption was not valid (p < 0.0001; Table 6 ). Using tirilazad data, the unadjusted and adjusted models result- A comparison of fixed dichotomy, sliding dichotomy, and shift analysis (proportional odds modeling), whether adjusted for covariates or not, did not reveal that any particular method was substantially different from the others (Table 6 ). In the CONSCIOUS-1 data, the sliding dichotomy was more sensitive than the proportional odds model and the fixed dichotomy (p = 0.25 vs p = 0.53 vs p = 0.98, respectively). The calculated effect sizes for the 3 methods were quite close and similar in magnitude and sometimes in opposite directions.
In Table 7 we compare results of the actual trial and simulated tirilazad and ISAT data. For tirilazad, both sliding dichotomy (OR changed from 0.97 to 1.13) and proportional odds modeling (OR changed from 0.97 to 1.12) increased the effect size of treatment. Results from the 1000 analyses showed similar nonsignificant increases. For the ISAT, sliding dichotomy and fixed dichotomy produced about the same effect, but the proportional odds modeling improved the effect of mode of treatment (clipping compared with coiling, OR changed from 0.67 to 0.70) as compared with fixed dichotomization. Using the simulated data, proportional odds modeling still outperformed fixed dichotomy, with an increased effect size of mode of treatment (OR changed from 0.66 to 0.71), whereas sliding dichotomy reduced the effect size (OR changed from 0.66 to 0.64). Moreover, a higher proportion of the 1000 analyses yielded significant results at the 5% level for these different methods.
Discussion
The most common method of analyzing outcome in randomized clinical trials in stroke, SAH, and head injury has been to dichotomize outcome, usually per the GOS, into favorable and unfavorable categories. This simplifies the analysis but may reduce statistical power. * Values in boldface correspond to the definition of a good outcome when using the conventional sliding definition of outcome, and cells with light gray shading correspond to the cut points used for the median split method.
Fig. 1.
Bar graph showing clinical outcome in the tirilazad studies according to the GOS and comparing the tirilazad and placebo groups or based on patient age or WFNS admission grade. Each set of bars demonstrates the difference between the groups when assessed using conventional fixed dichotomization of the GOS or utilizing the sliding dichotomy implemented with a median split method. Other methods, such as sliding dichotomy (prognosis-adjusted end point or responder analysis), global statistics, and proportional odds modeling, have been put forward as alternatives to fixed dichotomization. 2, 11, 14, 17 Sliding dichotomy has increased statistical power and reduced sample sizes in a post hoc analysis of some head injury trials. 17 In the clinical trials reanalyzed in the present study, sliding dichotomy did not increase the difference in outcomes among patients entered into the ISAT, perhaps because the main shift in outcome was already accounted for by a shift across the moderate disability to slight disability line, whereas shifts between other categories must have been less after accounting for prognostic factors. In the tirilazad and CONSCIOUS-1 data, there was no significant benefit of drug treatment on the dichotomous GOS, which raises the additional possibility that these drugs (tirilazad and clazosentan) have no effect, and no method of analysis will demonstrate a benefit.
We thought that if we dichotomized the tirilazad and CONSCIOUS-1 data based on a known prognostic factor and then constructed a prognosis-adjusted end point based on other prognostic factors, then increased statistical power would result from a sliding dichotomy. Again, when considering patient age or WFNS grade, no consistent marked benefits were observed with a sliding dichotomy. The distribution of patients and the changes that occur between categories must therefore be very similar among the age or WFNS strata.
The third method assessed here was proportional odds modeling. This method depends on the proportional odds assumption but may still provide a robust estimate of treatment effect even when this assumption is not met. Proportional odds modeling has been used in both head injury and stroke trials. 2, 11 The proportional odds model explores ordering of the outcome scale, but the sliding dichotomy focuses on that part of the ordered scale that is of greatest clinical relevance to a particular patient. The proportional odds model sensitively detects a shift over the entire ordered scale. Note that the sliding dichotomy mirrors clinical thinking, more so than does the proportional odds modeling technique. By this we mean that the treating physician might consider the only favorable outcome to be good recovery for a young patient with WFNS Grade I.
Traditional dichotomization of the GOS would also include moderate disability, which could be considered worse than the outcome that should be achieved. Similarly, we might consider the successful treatment of an elderly patient with WFNS Grade IV or V to be the upper tier of severe disability. This outcome would still be considered unfavorable by traditional dichotomization. Sliding dichotomy can account for these differences. In the trials included here, the proportional odds assumption was violated in adjusted models; therefore, proportional odds modeling might not be a preferred method over sliding or fixed dichotomy based on strict statistical criteria even though it appeared to produce a more powerful result.
Conclusions
Data from 7 clinical trials of patients with SAH showed that, in general, fixed dichotomy and proportional odds modeling performed better than sliding dichotomy, although the improvements were modest and not often statistically significant. That said, a theoretical basis for both shift analysis and sliding dichotomy (the latter uses prognostic information) appears preferable to fixed dichotomy to capture more information about the response to an intervention. Recent studies based on simulations, 13 the reanalysis of a major head injury study, 18 and the prospective analysis of a major stroke trial 19 have all demonstrated very substantial efficiency gains from the application of ordinal analysis. Perhaps the GOS and mRS, which were not developed for use in SAH, do not assess outcomes that are relevant to patients with SAH. It is im- 
